INTRODUCTION
It is commonly known that crop yield depends on crop growth variability, which is related to multiple factors that can be time-independent (e.g. substrate, topography, soil type and depth) or time-dependent. Annually linked factors may include anomalies in planting, emergence, or weather conditions. Seasonally linked factors can include plant diseases, weed development, severe climatic events or irrigation system malfunctions (Bégué et al., 2008) .
Topography is one of the main factors affecting crop variability and crop yield. Godwin and Miller (2003) said that topography was one of the most obvious causes of variation in field crops. Crop variability and crop yield can be affected by the distribution of water on the field. Crops produce more stable yields with a stable water inputs (Schmidt and Persson, 2003) , and water redistribution on a field can be modelled by several methods (Marques da Silva and Silva, 2006, Kumhálová and Moudrý, 2014) . Topographic wetness index (TWI) is a commonly used algorithm for detecting the water distribution within the field Sørensen et al., 2006) .
Crop growth and yield can be efficiently monitored using canopy reflectance (Scudiero et al., 2016) . Canopy reflectance models have been used widely for investigating the response of vegetation indices to the variation of a number of factors and for understanding the mechanisms of interaction among these factors (Daughtry et al., 2000; Vincini et al., 2014; . Different types of sensors measuring the amount of reflected solar radiation, from low-cost multispectral to high-cost imaging spectrometers, from low spatial to high spatial resolution, and from ground-based to satellite are available (Hunt et al., 2013) . Traditional satellite systems such as Landsat have been widely used for agricultural purposes over large areas. The benefit of this system is spectral resolution (over 7 spectral bands) and possibility of freely available remote sensing data (www. usgs.com). Nevertheless one of the disadvantages of these satellite images is their coarse spatial resolution (Zhang and Pierce, 2013) , i.e. for Landsat images 30 m, and 16 days the temporal resolution. The new generation of satellites, such as QuickBird (QB) and WorldView-2 (WV-2) (DigitalGlobe, Logmont, Colorado, USA), provide multispectral data in the visible to infrared spectra that can be extremely useful in precision agriculture because of their high spatial resolution, 0.6 m for QB and 2 m for WV-2 satellite images (Mulla, 2013) . The temporal resolution of these systems is 1 to 3 days for WV-2 and 3-7 days for QB. Galambošová (2016) stated that another possibility for canopy reflectance measurement is, for example, the use of devices such as N sensor, Crop Spec, Crop Circle ACS, OptRX, ISARIA or Greenseeker. The Greenseeker (GS) as a crop sensor can be in handheld form as well. The GS optical sensor employs a patented technology to measure crop reflectance and to calculate the Normalised Difference Vegetation Index (NDVI). It also predicts yield potential. Nevertheless, the GS sensor is marketed primarily as a biomass sensor, not as N-sensor (Sharma et al., 2015) . NDVI spectral index (Rouse et al., 1974) is based on the absorption difference of photosynthetically active tissues in the red and near-infrared wavelengths of the electromagnetic spectrum (Julien et al., 2011) . NDVI derived from measurements of canopy reflectance have been widely used for in-season estimation of yield. NDVI is used for the evaluation of different crops for different purposes at different scales (Domínguez et al., 2015; Tornos et al., 2014) .
According to the literature, remote sensing sensors are very popular for monitor crop growth and for yield prediction (Scudiero, 2016) . Therefore, the main aim of this study was to assess the suitability of selected sensors and their spatial resolution for monitoring crop variability and yield.
MATERIALS AND METHODS
The experimental data for this study were obtained from an experimental field of 11.5 ha in Prague-Ruzyne (50°05'N; 14°17'30"E), Czech Republic, with a Haplic Luvisol soil. Conventional arable soil tillage technology and fixed crop rotation were used on this field. Yield was measured by a combine harvester equipped with the yield monitor LH 500 (LH Agro, Denmark). Detailed description of the yield measuring device can be found in Kumhálová et al. (2011) . Experimental variograms of yield were computed by common procedures using an exponential model. The 2009 yield data were not measured because of a sudden failure of the yield monitor.
Total monthly precipitation and temperature data were provided by the Agro meteorology station at the Crop Research Institute in Prague-Ruzyne. Precipitation and temperature for observed years are provided in Table 1 .
The topographic data was derived from LiDAR data kindly provided by the Czech office for surveying, mapping and cadastre. Elevation data were interpolated by inverse distance weighting (IDW) in ArcGIS 10.1 to create the DEM. The slope model (SM) and flow accumulation model (FAM) were then derived from the DEM -D8 algorithm. TWI uses SM and FAM raster data as inputs, based on the idea that low-gradient areas will gather water (high TWI values), whereas steep convex areas will shed water (low TWI values). TWI values are non-dimensional relative indices and vary by landscape type and DEM. Detailed description of the TWI can be found in .
Winter barley (2007 and 2015) and winter wheat (2009 and 2011) were chosen because of cloud-free data availability in the same period for the experimental field from Landsat satellite images and QuickBird or WorldView-2 images. Landsat satellite images were downloaded from the USGS Global Visualisation Viewer (http://earthexplorer.usgs.gov/). WV-2 and QB satellite images were purchased from the ArcDATA Company (Table 2) . For atmospheric correction, the Fast Line-of-sight Atmospheric Analysis of Hypercubes was used (Dominguez et al., 2015; Li et al., 2014) . All image pre-processing was implemented with ENVI SW (ENVI; version 5.3, Excelis, Inc., McLean, VA, USA).
NDVI values, as the ratio of reflectance in near infrared (NIR) and RED visible region (Rouse et al., 1974) , were computed for every image with ENVI SW. The information about the range of wavelengths, satellite images, sensors and crops used in this study is provided in Table 2 . All images were then exported into ArcGIS SW (ArcGIS; version 10.3.1, Esri, Inc., Redlands, CA, USA) for further processing. Selected images (WV-2 and QB), yield and TWI raster were resampled by changing the cell size according to satellite image outputs to 30, 0.6, and 2 m, and then to 4 m according to average measured yield point (ca. 16 m 2 ) and 15 m as a control of spatial resolution. The number of pixels used for evaluation was different for each of the evaluated years. It was caused by the fact that experimental plot boundary changed slightly between the years because of management practices. Only the pixels completely inside the boundaries were used for the evaluation.
GreenSeeker (version 1.00, Rev B, 2012, Trimble Navigation Limited, USA) uses the red (660 nm, ~25 nm FWHM) and infrared (780 nm, ~25 nm FWHM) bands and converts reflected data into NDVI directly (Trimble, 2017) . NDVI values from Greenseeker handheld crop sensor were collected during the winter barley growth on April 23rd, and May 19th 2015. Experimental variograms of NDVI values were computed by common procedures using an exponential and spherical model.
Pearson correlations between the yield maps, TWI and NDVI derived from satellite images and GreenSeeker sensor were calculated using Statistica 13 (StatSoft Inc., Tulsa, USA) procedure.
RESULTS AND DISCUSSION
Correlation coefficients (R) between NDVI (from original and resampled data sets of Landsat, QB and WV-2 satellite images with different spatial resolution), TWI and yield were calculated for individual image data and plant species (Table 3) . Summary statistics of crop yield and GS for selected dates and years are given in Table 4 . Summary statistics for NDVI calculated from original and resampled satellite images for selected crops are in Table 5 .
Correlation matrices between NDVI from GS crop sensor, Landsat satellite images, yield and TWI were then calculated for individual data sets of winter barley (Table 6) .
Winter barley was grown in 2007 and 2015. In 2007, yield and TWI had higher R (0.433 for SR of Landsat and 0.530 for QB) (Table 3 ). That year was drier in comparison with other years (Table 1) . Low precipitation (2.4 mm) in the growth stage BBCH 30-59 can cause a significant displacement of relatively higher yield to water-accumulating depressions. This fact is confirmed also by correlations presented in Table 3 , where R between NDVI and yield had average value of 0.856 and R between TWI and NDVI had average value of 0.419 for all spatial resolutions (Fig. 1) . The movement of higher yield to concave areas in 2007 was also validated by summary statistics presented in Table 4 , whereby both standard deviation and min-max range were higher than in 2015. In our previous articles (Kumhálová et al., 2011; , the influence of topography on yield in drier years was also found. Table 5 and Fig. 2 show that the NDVI values depended on the sensor used.
In 2015, winter barley yield and TWI had lower R values (0.242 for Landsat and 0.148 for WV-2) ( Table 3 ). The year 2015 was the driest among the years analysed in our study. The precipitation distribution was uneven during the winter barley growth (in BBCH 20-29, 81.2 mm only). On the contrary, the precipitation distribution in BBCH 30-59 (43.7 mm) could probably cause the later crop to be beaten. In that year, harvesting losses caused by crop beating decreased the yield. This fact was confirmed by low R values between yield and NDVI (Table 3) , although the NDVI values were relatively high during BBCH 21-22 and crops were in a good condition ( Tables 3 and 5 as well. Landsat images showed noticeably higher values in all cases than the QB images in each spatial resolution. In the year 2011, Table 3 shows higher R between winter wheat yield and TWI (0.498 for Landsat and 0.630 for QB). The precipitation distribution was uneven during the winter wheat growth (after BBCH 60 -257.4 mm) ( Table 1) . Correlation coefficients between yield and TWI reached high values (Table 3 ). This crop response was probably caused by low precipitation during the growth stages BBCH 30-59. Again, low precipitation can cause a significant displacement of relatively higher yield to water-accumulating depressions (Kumhálová et al., 2011; . The summary statistics presented in Table 4 confirmed again the yield inequality. On the contrary, the summary statistics of NDVI presented in Table 5 showed similar values obtained by sensors used in this study.
GS measurements on April 23rd (BBCH 31) and May 19th (BBCH 55), 2015, and comparisons between NDVI from GS and Landsat images, yield and TWI in Table 6 are in good accordance with previous statements about crop development during the year 2015. Nevertheless, R between NDVI from GS and Landsat images were weak. It could be caused by the different method of data collection.
NDVI derived from Landsat and QB data showed similar results for later sensing (BBCH 59). For early sensing stage , significant differences between the results from Landsat and QB were found (Table 3) . It could be influenced by the soil sensing between the crops. et al. (2015) discussed in their study how the phenological phase of the crop could influence the NDVI values during the crop growth. They developed NDVI models for winter wheat and winter rape crops from seeding to later phenological phases of selected crops. The results of our study are in accordance with the study of Domínguez et al. (2015) . Scudiero (2016) noted that more research is needed to define, by geographical region, which sensor measurements are most useful for improving soil and crop management. Images resampled to different spatial resolutions showed similar mean but decreasing min-max range with decreasing spatial resolution. This fact was confirmed for each year studied. The spatial resolution of images used in this study did not play any crucial role for yield variability prediction. It could be an important property for crop evaluation in a small scale, for example for weed detection (Wu et al., 2011) . Based on our results, the GS device is not suitable for yield estimation. This is in contrary with Walsh et al. (2013) . They noted that GS NDVI was a better predictor of final winter wheat yield in a dry site-year. On the other hand, Updike and Comp (2010) stated that many of the differences in analysis of results can be explained by the differences in the sensors themselves. Vincini et al. (2015) discussed that experimental datasets can be affected by experimental error, due for example to imperfect sampling. It corresponds with the study of Ciganda et al. (2012) . Those authors determined the number of leaf layers sensed by red-edge chlorophyll index. They found that vertical distribution of chlorophyll contents in leaves significantly influenced remote sensing techniques. Those techniques need to meet very stringent requirements for this reason.
Domínguez
Zhang (2016) also highlighted that some differences exist between sensor systems. These differences can be caused by the variations in bandwidth of the particular spectral channels of the measuring systems. Mather and Koch (2011) described that one of the problems met in remote sensing is that the spectral reflectance of a given Earth-surface cover type is influenced by a variety of confusing factors. Casa et al. (2015) stated that small geometric registration errors typically do occur between the sensors used, even when an accurate calibration is performed. CONCLUSIONS 1. On the basis of presented results it may be concluded that each satellite image data source used in this study can sufficiently explain yield variability regardless to spatial resolution of the images. Better results, in comparison with crop yield, were obtained for images acquired in later phenological phases. Images acquired in early phenological phases showed differences according to sensor used. The sensors usually differ in bandwidth. Other reason of variations can be early scanning of the crop (when soil is visible between the plants).
2. GreenSeeker handheld crop sensor is not suitable for yield estimation of the whole agriculture plot due to high workload of this procedure based on long time required for data collection and the necessity of using the interpolation method to obtain the map. In contrast, satellite image is acquired in a relatively very short time.
3. Results obtained in this study can be helpful for the selection of suitable sensor with adequate spatial resolution for yield estimation. Explanations as in Table 3 . 
